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Abstract
OLAP and multidimensional database technology have contributed significantly to speed up and
build confidence in the effectiveness of methodologies based on the use of management indicators
in decision-making, industry, production, and services. Although there are a wide variety of tools
related to the OLAP approach, many implementations are performed in relational database systems
(R-OLAP). So, all interrogation actions are performed through queries that must be reinterpreted
in the SQL language. This translation has several consequences because SQL language is based on a
mixture of relational algebra and tuple relational calculus, which conceptually responds to the logic
of the relational data model, very different from the needs of the multidimensional databases. This
paper presents a multidimensional query language that allows expressing multidimensional queries
directly over ROLAP databases. The implementation of the multidimensional query language will
be done through a middleware that is responsible for mapping the queries, hiding the translation
to a layer of software not noticeable to the end-user. Currently, progress has been made in the
definition of a language where through a key statement, called aggregate, it is possible to execute
the typical multidimensional operators which represent an important part of the most frequent
operations in this type of database.
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1 Introduction
Every decision-making process in unstructured problems requires an analysis in different perspec-
tives. The evolution of the problem over time is usually present in virtually all cases. Gradually, as
information technology became present in all types of companies and organizations, data availability
and the ability to learn about them increased.
In business, the information management of services as well as production pro- cesses has a strategic
role that is increasingly important. It allows decision makers to have relevant information that can
be transformed into explicit knowledge and that can be effectively monitored with indicators [17] [6]
[13]. Consequently, it is essential to have data that is reliable, aligned with the objectives and goals
of the company, not redundant, consistent and hierarchical [8].
The impossibility of analyzing the existing data in the administrative information systems while
they are in operation, as well as the dispersion of the critical data in different systems, with low or no
integration levels, led to the emergence of new paradigms such as data mining, business intelligence
and Online Analytical Processing (OLAP) [7].
Basically, the OLAP paradigm establishes that in decision-making processes the data must be
organized according to the analysis perspectives, for this reason the data is not structured according
to the objects present in the problem, nor neither in lines or sequences of transactions, but according to
the needs of analysis, which then translates into dimensions, which in turn are structured in hierarchies
of attributes, to which indicators called measures are associated that are finally subject to analysis [9]
[10] [2] [3].
The implementation of the OLAP paradigm in the mid-1990s gave rise to multidimensional databases
known to many people as data warehouse [11]. As it is a technology, certain requirements have been
imposed such as providing dynamic multidimensional analysis and allowing end users to perform
analytical and navigational activities.
In this way, it is necessary to ensure that multidimensional databases meet certain basic operational
requirements known as: having integrated data, time variants, non-volatile and oriented to issues of
interest for the management of an organization or company.
Very often, multidimensional databases have been implemented on relational data base systems,
in a modality known as ROLAP. The adaptation to relational technology obviously has some negative
consequences, one of the most obvious being the need to transform OLAP queries into relational
queries [10] [1].
On the other hand, considering the need for a functional multidimensional data model, which
resembles the simplicity of the relational approach in the formulation of queries, in [14] [15] a multi-
dimensional model has been presented that defines structures and operators with similarities to the
relational model [5]. In addition, it implements the typical OLAP operations, clearly differentiating
the static components of the model from the dynamic components, providing a query language in
the form of a simple, more expressive algebra, with some reminiscences to characteristics of the tuple
relational calculation.
Query languages in multidimensional databases, such as the case of MDX [3], are usually quite
aligned with other more classic query languages. Generally, the most operational aspects have been
privileged over the more formal aspects. Those who have ventured into the definition of algebras that
allow multidimensional data to be operated more independently of languages, have proposed sophis-
ticated conceptual frameworks [12] [19] [20] difficult to link with software tools and incomprehensible
to end users [18] [4]. The works developed in [14] [15] present the multidimensional model in a man-
ner similar to the relational model [5], presenting construction rules, some inherent restrictions, as
well as simpler and more significant operators, which are an appropriate for the definition of a more
understandable query language for end users.
This work presents the central ideas of a new data definition and manipulation language oriented
to multidimensional data bases, which is based on the structure, operability and semantics of the
multidimensional data model previously presented in [14] [15]. It focuses on the characterization
of the language in order to subsequently address the experimental implementation of a prototype
(middleware) acts over a relational database management system.
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2 Components of the multidimensional data model
The following sections describe the static and dynamic components of the multidimensional data
model that is being used as the basis for defining the syntax and semantics of a multidimensional
query language. These components are defined more extensively in [15]. Below is a summary of its
main characteristics.
2.1 Static components
Domains and Attributes: A domain is a set of atomic values of the same type of data. The
characteristics of an object are called attributes and are defined as a function that associates a multi-
dimensional object.
Hierarchy: A hierarchy [10] is a 5-tuple (N,E,≤ T, V ) where N is a name, E contains the
attributes of the hierarchy and ≤ is a partial order relationship defined on E. Thus, a hierarchy
constitutes an order relationship whose effect is to produce a hierarchy of attributes, resulting in the
generation of different levels of aggregation.
Dimension: In multidimensional databases it is necessary to address queries, aggregations and
data analysis based on different points of view, which respond to the needs of data analysis. Each
point of view is called a dimension, which we will represent as a pair (ND, J).
Since in reality the needs of data analysis require classifying them around attributes of different
dimensions, it is necessary to articulate the dimensions in a structure called Dimensional Space (DS).
It is important to emphasize that the Dimensional Space constitutes a coordinate system that allows
to classify in a unique and unequivocal way each fact of the real world.
Measures: A measure is a special set of numerical type attributes (usually an aggregate data) and
represents a quantitative characteristic of interest that must be monitored and analyzed. However,
the measures do not constitute a hierarchy. The measurements can be as many as necessary and the
Cartesian product of the domains of the measures present in a multidimensional variable is called
Scalar Space(SS).
Facts: A fact represents information of interest regarding a set of real-world events related to one
or more objects. The characteristics of the event are captured through the values of the attributes of
the hierarchies, the dimensions and measures. The following definition makes some pressures to the
definition that was previously used in [15], both in the structure and in the semantic properties of the
facts contained in the multidimensional variable. A fact is a relationship between Dimensional Space
and Scalar Space, as represented by the following function:
h : DS ∼ SS
We will denote by H the whole {x/x = (d, e), d ∈ DS, e ∈ EE, e = h(d)}, the one that receives the
name of Multidimensional Variable (VM).
Schematically H we will represent it by the pair (−→J ,−→m) where −→J ((J1, J2, . . . , Jn)) represents
the hierarchies of the dimensions that in turn determine the Dimensional Space of the set and,−→m((m1,m2, . . .mk)) the k measures of H.
In this way, we can represent a set of facts, as needed, in the following ways:
H ⇔ (−→J ,−→m)⇔ ((J1, J2, . . . , Jn), (m1,m2, . . . ,mk))
2.2 Aggregation Functions
OLAP requires intense summarization operations to be able to respond to the different demands
of providing online data analysis capability. In addition, it is necessary that these operations have
consistency and allow the calculation of valid and understandable indicators for the users, for this
reason the summarization operations applied over a set ξ, must be performed using a special type of
functions, called aggregation [14]:
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f(ξ) =
∑
x∈ξ
f(x)
It is said that this function is additive if for two sets ξ1, ξ2 : ξ1 ∩ ξ2 = φ, it is fulfilled that:
f(ξ1 ∪ ξ2) = f(ξ1) + f(ξ2)
Finally, we will call a Multiple Aggregation Function (MAF), a function h : DS ∼ SS, such
that τ(ξ) = < F1(ξ), F2(ξ), . . . , Fn(ξ) > where each Fi, i = 1, ..., w is an simple Aggregation Function.
2.3 Aggregate Facts Family (AFF)
It is a new concept and structural element added to the multidimensional model in [14], which
is intended to take advantage of the additive aggregation functions, for the benefit of efficiency and
versatility in the responses to queries. It is denoted as H and corresponds to a set of facts such that
each element of H is an aggregation that is obtained directly or indirectly from an initial event H∗
called a generator.
H = {H | H = F (CS(H∗))}
As described in [14], for H, F is an invariant multiple aggregation function, common to all elements
of H that differs by level of data aggregation expressed through a classification space (CS).
2.4 Dynamics components
The operators that correspond to the typical OLAP operations are defined below:
Pivoting: It is defined as a rotation (permutation) of the dimensions of a multidimensional
variable H and of the elements of the hierarchies, which consists in reorganizing the arrangement of
the dimensions or axes of the dimensional space, based on a different point of view, which does not
it alters the semantics of the set of facts or the coherence of the summaries. The operation will be
denoted by:
H ′ = P (H) = P ((−→J ,−→m)) = (P (−→J ),−→m)) = (−→J ′ ,−→m)
Where P represents the permutation of the k dimensions and, if necessary, the redefinition of the
hierarchies of each dimension of the set. Thus, H ′ will be a new multidimensional variable, with
another order in dimensions and hierarchies but with the same number of dimensions and the same
scalar space of H. So H and H ′ are compatible.
Roll-Up: It is a process of aggregation of data that is carried out on a set of facts, reducing
their dimensions or transforming their hierarchies, through the use of a classification space (CS),
constituted by defined interval projections on the domains of the attributes of the hierarchies an an
aggregation function F that acts on the scalar space measures of the set of facts.
The Roll-Up operator will be defined as:
ΦCS,F (H) = F (CS(H))
Slicing-Dicing: The purpose of the Slicing-Dicing operator is to allow a subset of the facts
contained in a set of facts to be selected, based on a specific selection criteria defined through a
selection predicate expressed in the traditional predicate algebra.
Formally, the Slicing-Dicing operator, by analogy to the selection operator of the relational model,
is defined as:
σρ(x)(H) = {x ∈ H | ρ(x)}
Where ρ(x) is a conditional expression defined on the attributes of the hierarchies of the set of fact
H, expressed on the basis of operators of the algebra of predicates.
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Drill-Down: The purpose of this operator is to produce greater disaggregation in the multidi-
mensional variable, by reincorporating dimensions to the variable or attributes in the hierarchies. In
addition to eventually reincorporating dimensions, you can expand the hierarchies of some dimensions
and make the previously summarized measures more specific, to obtain a cube with more complex
hierarchies, more facts and probably more dimensions.
This operator rather responds to the approach of the relational calculation of tuples of the relational
model, because to achieve its task it requires rather to declare the type of variable that is desired. The
answer requires an aggregation on the original multidimensional variable, which contains the highest
level of disaggregation of the data.
Formally, let H ′ be a multidimensional variable sash that H ′ = ΦF,CS1(H) = F (CS1(H)) and let
CS2 be such that CS1 is a subset of CS2, the operation called Drill-Down, denoted by:
ΘF,CS2(H ′)
It is equivalent to performing the following sequence of operations:
ΘF,CS2(H ′)⇔ ΦCS2,F (H)
Since CS1 is a subset of CS2, the operation produces disaggregation in the data and generates a
multidimensional variable of greater degree and cardinality.
3 Elements of data definition and data manipulation
MDX [16] is one of the most used specialized languages in formulating queries to multidimensional
databases. However, despite being a very good tool, it requires users to be very familiar with the use
of database query languages and must use a syntax that can sometimes be complex, not very intuitive,
which also requires defining very explicitly the different processes and stages related to the generation
of the result of a query, which for a non-specialized user can be a great obstacle. Greater coverage of
query languages requires a simpler and declarative tool that exempts the user from a too procedural
declaration of data processing.
Frequently multidimensional databases, often called data warehouse, are implemented on relational
systems in a modality known as ROLAP. In this context, multidimensional database queries cannot
be formulated using native syntax and semantics, which implies that they must finally be translated
into relational queries, adapting their semantics to this type of technology.
The following sections present some advances related to the definition of a language that will be
implemented in the form of a middleware, which will allow the generation, implementation and use
of multidimensional databases under a transparent ROLAP mode for users. In this way the queries
will be written in a syntax and a native semantics and the middleware will be responsible for their
translation into relational queries.
3.1 The data definition language
The data definition language must provide all the tools necessary to define the structural com-
ponents of the data model, that is, for the model presented in [14] [15], it is necessary to allow the
specification of domains and attributes, dimensions, hierarchies, measures, facts and families of facts,
as well as the definition of aggregation functions required for data manipulation. In this work we
present the syntax and application of the sentence that allows the creation of a multidimensional
variable:
In order to exemplify its use, we will apply it in the following conceptual model that is represented
in the manner described in [9].
The creation of the multidimensional variable in Figure 1 is achieved with the following statement:
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Figure 1: The CREATE MULTIVAR statement that allows to create the structure of a multidimen-
sional variable, specifying the dimensions, attributes, hierarchies of attributes and the set of measures.
Figure 2: Multidimensional variable that records the income and costs related to the monthly produc-
tion of a certain quantity of a type of products, in different factories of different countries (notation
rescued from [9]).
3.2 The data manipulation language
The data manipulation language comprises different elements, including those that allow feeding
the multidimensional variable. As it is a solution for data warehouse, it is assumed that data loading
procedures are robust, therefore the data manipulation language should not require data update or
deletion sentences (only for administrative aspects).
In a multidimensional database, queries always refer to data recovery, aggregation or disaggregation
processes, related to OLAP’s classic operators.
In the language whose advances are presented in this work, the operators are integrated in a single
sentence, called AGREGATE, which are manifested as possible optional clauses in the consultation.
The format of the sentence is as follows:
To exemplify its use, imagine that you must perform a sequence of OLAP operations on the
multidimensional variable, using the following permutation:
h : DS ∼ SS
And then, the following operations are performed:
1. P (Activity), permutation is applied to the multidimensional variable Activity.
2. Then, the data for 2012 are selected by: σyy=2012(Activity).
3. The data is classified according to the type of product and the city of the factory:
CS = Dom(city)×Dom(factory)
Figure 3: Sentence for the creation of the multidimensional variable in Figure 2 based on the CREATE
MULTIVAR statement proposed in Figure 1.
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Figure 4: AGGREGATE statement used to perform OLAP operations on the multidimensional vari-
able.
4. The sum of income and costs is then calculated on the result using the following multiple
aggregation function:
F (Activity) = (F1(Activity), F2(Activity))
Where F1 and F2 correspond respectively to the sum of the values of the income and cost attributes.
As can be seen, there are four different OLAP operations that are performed on the data set,
including the classification of the data through a classification space CS.
The AGGREGATE statement allows the query to be carried out incorporating all the operations
in a single instruction, acting on a multidimensional one, considerably simplifying the process of
constructing the query.
Figure 5: Sequence of operations implemented as a native multidimensional query (case (a), AGGRE-
GATE statement) versus SQL emulated query through the SELECT statement (case (b)).
Figure 5 allows comparing the implementation of the multidimensional operations described in
section 3.2 in a native multidimensional language versus SQL. As it is possible to appreciate, the query
formulated in a native language has a semantic load. In the first place, only the multidimensional
object under study is mentioned, in this case the Activity variable, the classification criteria are
specified in a simple and precise way, naming the dimensions, indicating in brackets the attributes to
be considered in case the dimension considers a smaller hierarchy, to end by specifying the condition
that the facts to be processed must meet (yy = 2012). In the case of the query in SQL, there is no
multidimensional variable, the statement acts on three lookup tables: Factory, Time and Product,
and the invoice Activity table. The conditions required for the correct combination of the tables run
by the user and to them must be added the condition that the facts to be selected must meet. The
classification space is diluted in a list of attributes in the GROUP BY clause that must explicitly
mention all the attributes to consider. Permutation of dimensions (pivoting) is also subject to user
responsibility.
3.3 Advantages of the language approach
The advantages associated with a language with the approach presented in this paper are many.
They mostly derive from two very relevant characteristics: their greater semantic capacity compared
to other multipurpose languages and their greater syntactic simplicity. In turn, these characteristics
have other positive externalities:
1. Its simplicity and semantics allow generating conditions to increase the productivity of IT
personnel, as well as generating greater closeness with end-users.
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2. Reduce or eliminate the ambiguities that occur in the consultations, clearly separating the
aspects related to the classification of the data regarding the calculation of indicators.
3. It allows a better link between the theoretical foundations of the data model, the concept of
multidimensional database and the tools of definition and manipulation of data, a situation that is
not possible to appreciate and incorporate it easily in contexts where multidimensional databases are
emulated and the queries are translated into other conventional query languages.
4. The language is of general purpose for which it can be used in various fields, including manage-
ment, production, and services.
3.4 Future work
The definition of language, however constituting a fundamental element for the construction of a
fully functional tool, requires the implementation of software that respects the syntax of the language
and incorporates its functional characteristics. The next stage of this work will be the development
of a middleware that implements these characteristics in an interpreted environment, in which the
data management will be carried out in a relational database management system. Although finally
the database will correspond to a ROLAP implementation, both the definition of objects and queries
to the databases will be done through the middleware, maintaining the user in the multidimensional
environment, without having to worry about the translation of the queries. One of the initial appli-
cations of middleware will be in higher education, as a means to relate the design and modeling of
multidimensional databases, with the use in information systems. It will allow students to experi-
ence the design, construction and consultation processes of a multidimensional database, in a native
environment.
4 Conclusions
The syntax presented in this paper, shows that it is possible to considerably improve the syntactic
simplicity and semantic capacity of interrogation languages to multidimensional databases. In this
way, a natural treatment of dimensional objects is achieved in context, using a native syntax, more
abbreviated, without the need to emulate the characteristics of multidimensional objects. On the other
hand, the formulation of queries is simplified, it becomes more semantic, closer and more natural to
end users, favoring access to information without the intermediation of too many IT professionals.
This language also reinforces the importance of the ROLAP approach and relational systems
because it gives the opportunity to continue using the good characteristics of these systems, in a more
automated and transparent way, allowing savings in licensing costs and investment in hardware, due
to that in many cases it will be possible to continue using the available infrastructure.
Finally, it is a tool that has the potential to help in an important way to the development and use
of support tools for decision making, which require the use of a multidimensional approach.
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